We present two complementary approaches for the interpretation of clusters of co-regulated genes, such as those obtained from DNA chips and related methods. Starting from a cluster of genes with similar expression profiles, two basic questions can be asked: 1. Which mechanism is responsible for the coordinated transcriptional response of the genes? This question is approached by extracting motifs that are shared between the upstream sequences of these genes. The motifs extracted are putative cis-acting regulatory elements. 2. What is the physiological meaning for the cell to express together these genes? One way to answer the question is to search for potential metabolic pathways that could be catalyzed by the products of the genes. This can be done by selecting the genes from the cluster that code for enzymes, and trying to assemble the catalyzed reactions to form metabolic pathways. We present tools to answer these two questions, and we illustrate their use with selected examples in the yeast Saccharomyces cerevisiae. The tools are available on the web
Introduction
DNA chips (1) (2) (3) and related techniques permit the measurement of the transcriptional response of all the genes of an organism to a controlled stimulus (presence/absence of metabolites, action of a drug, temperature,) or to a genetic modification (deletion or over-expression of a selected gene). Results of several experiments are combined into a multivariate table, summarizing the response of all the genes of an organism to a variety of conditions. Genes can then be clustered on the basis of similarities in their expression profiles. Different approaches have been used for this purpose: hierarchical clustering (3), self-organizing maps (4), k-means (Jaak Viloo, personal communication). Once such clusters have been obtained, two complementary questions can be asked (Figure 1 ). ' (1) Which mechanism could ensure the coordinated transcriptional response of the genes belonging to a given cluster? Transcriptional regulation is mediated by a class of proteins, called transcription factors, which bind specific DNA motifs, called cisacting elements, and interact with RNA polymerase to enhance (activation) or reduce (repression) the expression of neighboring genes. The answer to this question amounts to a search for transcription factors that might act simultaneously on the genes belonging to the cluster. There is no obvious way to predict directly which proteins act in trans on a set of genes, but the problem can be addressed indirectly by first predicting which cis-acting elements might be involved, and then looking for transcription factors that might bind these cis-acting elements. The approach consists in analyzing upstream sequences to discover shared motifs, which could correspond to regulatory elements. Candidate cis-acting elements can then be matched against databases of known binding sites (5, 6) , and/or tested experimentally.
(2) Which biological function requires a coordinated expression of the genes belonging to the cluster under consideration? It is usual that genes involved in a common process are co-regulated, ensuring the presence of all the necessary proteins. The question amounts thus to search for processes in which most genes of the cluster might be involved. One simple approach is to match the set of genes against a database of gene/protein function (7) . This would however restrict the possible answers to processes/pathways that have already been previously characterized and are stored in the database. A more flexible approach is to try to identify reactions that could be catalyzed by the gene products, and to interconnect these reactions in any possible way to generate potential metabolic pathways. The pathways assembled by this way can then be matched against metabolic pathway databases. Part of these pathways will correspond to previously described pathways, whereas in other cases one should be able to discover novel pathways.
In this paper, we present examples of applications and discuss some critical issues for obtaining suitable results.
Gene Expression Data
To illustrate our purpose, we selected an example of gene expression data from the literature. Spellman and co-workers used the DNA chip technology to detect yeast genes that are involved in cell cycle (8). These authors measured the level of expression of all 6000 yeast genes at different time points during the cell cycle, and selected those showing periodic fluctuations. The 800 selected genes were then clustered according to similarities in their expression profiles. Some of the clusters obtained were clearly associated to well defined cellular processes associated to the cell cycle. An unexpected cluster was also isolated, mostly made of genes involved in methionine biosynthesis. We will use this MET cluster as study case throughout the following chapters.
Visualization
The development of flexible and intuitive visualization tools is an important requirement for the interpretation of gene expression data ( Figure 1 ). One popular approach has been to apply hierarchical clustering and to display the profiles of expression in parallel with the dendrogram (9) . We are currently working on complementary approaches, which would provide an intuitive representation of the functional distances between genes (10). This is illustrated in Figure 2 , which shows a mapping of the 800 genes from Spellman's experiment on a Euclidian space. Each dot represents a single gene. Coordinates were assigned so that the distances between dots reflect the dissimilarities between gene expression profiles. Noticeably, genes are grossly aligned along a circle, which is probably the most direct way to represent cell cycle. Genes with synchronous fluctuations of expression appear in the same angle of the circle. The MET cluster mentioned above is highlighted. Note that the visualization programs support true colors, and would allow to discriminate several clusters on the same image (10) . The present image is in grayscale due to publication restrictions. 
Regulatory Sequence Analysis

Features of Cis-Regulatory Elements
Transcription factors bind to short stretches of DNA, whose sequence is highly specific for each particular transcription factor. The specificity of the binding site is determined by the structure of the protein domain that enters into direct contact with DNA. Most sites described can be regrouped into two classes. The first class consists of a short sequence of highly conserved adjacent nucleotides (typically 6 base pairs), surrounded by a few partly conserved nucleotides ( Figure 3A,B) . This kind of site is typical for proteins containing different domains: Zn finger, homeodomain, leucine zipper, basic Helix-Loop-Helix. Another class of binding sites consists of a pair of very short oligonucleotides (typically 3 base pairs each), separated by a region of fixed width but variable content ( Figure 3C,D) . These sites are typical for factors containing a Zn cluster domain (found in fungi) or a Helix-Turn-Helix domain (the most frequent DNA-binding domain in prokaryotes). Many of these sites show an internal symmetry (tandem repeat or reverse palindrome) due to the fact that the transcription factor binds DNA in a homodimeric form, each monomer entering into direct contact with one trinucleotide.
In the yeast Saccharomyces cerevisiae, cis-acting elements are found upstream the genes they control, within a range of 800 base pairs from the start codon. Their efficiency generally depends neither on their precise location nor on their strand orientation. It is common to find several sites for the same transcription factor within a same upstream region. These repetitions allow a synergic action of several copies of the protein. 
String-based Approaches to Pattern Discovery in Regulatory Sequences
Based on these properties of yeast cis-acting elements, we developed two specialized programs for discovering putative regulatory elements within a set of upstream regions.
The first program, oligo-analysis, performs a statistical analysis of single word frequencies (typically hexanucleotides) in a set of sequences, and extracts all words that are significantly over-represented. In a previous paper (11) we showed that, despite its simplicity, this program is able to extract many regulatory sites with a very low rate of false positives.
The single-word analysis however fails to detect some cis-acting elements, especially those bound by Zn cluster proteins. This is not surprising, since in these sites the conserved nucleotides are shared between two sub-sites separated by a variable region. Consequently, we developed a complementary program, dyad-analysis (12), which performs a statistical analysis of all possible pairs of shorter words (typically trinucleotides) with different spacing values (between 0 and 20). This program is very efficient, not only for the detection of sites bound by Zn cluster and HTH proteins, but also for sites recognized by other classes of transcriptional factors.
Criteria for the Statistical Analysis of Words and Dyads
The efficiency of the above mentioned programs crucially depend on the choice of appropriate parameters.
Selection of non-redundant upstream sequences
Before envisaging any analysis of upstream sequences, it is essential to avoid redundancy in the data set. Indeed, the applicability of the statistical tests relies on the mutual independency of the sequences. Two sources of redundancy can be identified.
Recent duplication of a gene, together with its upstream region. Such duplications are particularly common in yeast telomeric regions. -Intergenic region shared between two divergently transcribed neighbor genes. If both genes belong to the same cluster, the intermediate upstream region will be included twice in the sequence set. The data set has thus to be purged by discarding sequences that show a high similarity with the direct or reverse strand of any other sequence of the set.
How to count word occurrences?
Should words be counted on a single or both strands? How to treat overlapping occurrences of a same word? The choice of the counting mode depends on the expected characteristics of regulatory sites, which can differ between organisms. In the case of yeast, best results are obtained by counting occurrences on both strands and without overlap.
Estimation of Expected Word Frequencies
The simplest approach would be to consider all words as equiprobable. This would however provide bad results, due to the high frequency of A and T nucleotides in yeast sequences. This bias can be corrected by calculating expected word frequencies on the basis of nucleotide-specific frequencies (residue frequencies). This correction already provides better results, but still returns many false signals, mainly AT-rich sequences, due to a preferential aggregation of A and T nucleotides in yeast noncoding sequences. The best approach consists in calculating pre-defined tables of expected word frequencies (background frequencies), based on the whole set of yeast non-coding sequences.
How to Compare Expected and Observed Frequencies?
Several statistics have been envisaged for detecting over-represented words in DNA sequences: observed/expected ratio (13), log likelihood (14), Poisson distribution (15), Z-values (16), binomial distribution (11, 12) . The observed/expected ratio has to be avoided, because it is strongly biased in favour of patterns with low expected frequencies. The log-likelihood introduces a correction for this bias, but is not easy to convert to probabilistic values. Z-scores rely on an assumption of normality of the distribution of occurrences, which is only verified when sequence length tends towards infinite. For small sequence sets (a few thousands of base pairs) as families of upstream sequences from co-regulated genes, the most appropriate statistics are Poisson and binomial.
How to Select the Threshold of Probability?
Analyzing a single sequence set involves a comparison between observed and expected frequencies for several thousands of words. For example, there are 4,096 possible hexanucleotides. This means that with a probability threshold of 0.01, around 40 words would still be selected from any random sequence. According to the Bonferoni rule, these false positive can be avoided by lowering the threshold of probability to a value lower than 1/4096=0.00025. More generally, the threshold value has to be adapted to the number of words taken into consideration, which itself depends on the word length.
How to Select Word Length?
Small words (di-to tetra-nucleotides) present a marked bias from theoretical distributions, and Poisson/binomial statistics are thus inappropriate. On the other side, analyzing too large words (octa-, nona-nucleotides) would prevent any of them to be detected as significant. Practically, we observed that hexanucleotide analysis provides excellent results in most cases for yeast sequences (11) .
Even when restricting the analysis to hexanucleotides, larger patterns can nevertheless be detected, by assembling strongly overlapping hexanucleotides.
All the statistical considerations above are easily extended to the analysis of spaced dyads (12).
Evaluation of String-based Approaches with Known Regulons
In order to evaluate the above methods, sets of genes were collected for which the transcription factor was already known. The programs were fed with the upstream sequences, and the significant patterns were compared with the expected binding sites (11, 12) . Generally, the number of significant words/dyads is restricted to a dozen per gene set. Several of the selected words/dyads are highly overlapping, and can be combined (using a custom fragment assembly program called pattern-assembly) to form a larger pattern. Patterns with a high significance index are always associated with known transcription factors. Some additional patterns appear that might be associated with novel transcription factors.
Application to Clusters Obtained from Microarray and Related Technologies
We applied the string-based approaches to extract putative regulatory elements from clusters of genes resulting from DNA chip experiments. We published elsewhere (12) an analysis of families of cell cycle regulated genes defined by Spellman (8) . We show here in more details the results obtained with the MET family ( Table  1 ). All pairs of trinucleotides separated by spacing between 0 and 20 were anaylzed. The significant patterns form three groups of overlapping words, that can be assembled into 3 larger patterns. One additional isolated dyad is selected.
The first group of words corresponds to the binding site of the Met4p/Met28p/Cbf1p complex. The second group corresponds to Met31p and Met32p binding sites. These transcription factors are known to act cooperatively to activate transcription of genes related to methionine metabolism. The highest score within each group is highlighted in bold. The pattern selected with the highest score generally correspond to nucleotides that enter into direct contact with the transcription factor. It is not possible to evaluate the efficiency of the programs on families obtained from DNA chip experiments with the same precision as was done with known regulons, since the transcription factors are usually not known. However, we observed that the same kind of result is generally obtained: a very restricted number of words/dyads are selected as significant. For some families, some patterns are selected with a very high significance index, suggesting a very likely putative regulatory element. In some other families, the patterns selected have a lower significance index. This is often the case for very small families (less than 5 genes), and could result from a lower signal-to-noise ratio. Selecting large gene clusters (> 50) reduces the sensitivity of the programs. The reason is that the larger clusters are less likely to be regulated by a single factor, and might contain a mixture of different signals. The effect of mixing together sequence that contains a given signal with sequences that do not contain it is to reduce the signal-to-noise ratio. The programs are able, to some extent, to extract multiple signals from a single analysis, but the highest efficiency is clearly obtained by selecting clusters of genes that are likely to be all regulated by the same transcription factor. The choice of the clustering method is thus crucial.
Metabolic Network Analysis
We now focus to the second question, namely the functional interpretation of clusters of co-regulated genes.
Common Features of Metabolic Regulation
Living organisms can rapidly modify their internal concentration of small molecules (metabolites) via enzymatic catalysis. Controlling metabolite fluxes is essential to cell viability, allowing to maintain them in stationary concentrations (homeostasis), in spite of fluctuations in external availability and internal consumption rates. Several molecular mechanisms are involved in metabolic regulation. Enzymes and transporters are regulated at different levels: transcription rate, RNA stability, translation rate, protein activity, intracellular location, protein degradation. Several of these mechanisms can be combined for the control of the same metabolic pathway.
Metabolic Pathway Siscovery
The set of all possible metabolic reactions can be seen as a graph, where nodes represent metabolites and reactions, whereas arcs represent substrate-reaction and reaction-product relationships. A graph containing all known metabolic reactions would include of the order of 10 4 nodes and as many arcs. The complexity of such a graph is huge and the number of possible pathways is virtually infinite.
However, only a very restricted number of these possible pathways are effectively followed in living organisms. For instance, the database EcoCyc, which holds the most comprehensive information about Escherichia coli metabolism, only contains 159 distinct pathways. E. coli has been, for several decades, the preferred model organism for biochemists, and even though some parts of its metabolism certainly remain to be discovered, the number of pathways is not expected to increase significantly for this organism.
Many pathways however remain be discovered in other organisms. Indeed, it is common to observe that different organisms follow distinct pathways for the biosynthesis or degradation of the same molecule. For example, in E. coli, methionine is synthesized in 7 steps from aspartate, whereas the yeast Saccharomyces cerevisiae performs this transformation in 6 steps, 4 of which are common with E. coli ( Figure  4 ). The case of lysine is more extreme, since E. coli and S. cerevisiae follow totally different pathways to synthesize this metabolite. In addition, many parts of the metabolism remain largely unexplored, for example the mechanisms of toxic molecule degradation or resistance to extreme conditions observed in some bacteria.
In summary, among all the pathways that could be followed in the graph of metabolic reactions, a very restricted fraction corresponds to already described pathways. Another part corresponds to pathways that are not yet described but might appear to be effectively used by some organisms in response to some conditions. Finally, a vast majority of these pathways might be devoid of any biological relevance. As illustrated below, measuring the transcriptional response of all the genes of an organism could be one way to select those pathways that are most likely to correspond to biological processes.
Applying Graph Analysis for a Functional Interpretation of Gene Expression Data
Enzymes and transporters participating in a common metabolic pathway are often co-regulated at the transcriptional level. Thus, when the culture medium is modifiedby depleting (or adding) a given metabolite, it is expected that the genes that participate in the biosynthesis (or degradation) of the molecule will respond at the transcriptional level. DNA chip and related technologies can be used to unravel the set of genes that respond to a given perturbation of the external conditions (addition/removal of a metabolite) in a given organism. The question is thus to discover, from this set of genes, which particular pathway could be catalyzed.
The first step is to select, among the set of co-regulated genes, those that code for enzymes, and identify the reactions they could catalyze. These reactions correspond to a subset of nodes in the graph of all possible metabolic reactions ( Figure 5A ). The method consists in trying to interconnect all these reactions in a meaningful way ( Figure 5B ), in order to extract a sub-graph ( Figure 5C ) corresponding to one or several putative metabolic pathways ( Figure 5D ). The algorithms for subgraph extraction and maximal path enumeration have been described elsewhere (17,18), we will only summarize their principle.
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Compound Reaction Seed Reaction The simplest way to interconnect reactions is to identify compounds that are produced by one reaction and used as substrate by another one. In a second step, linking can be improved by intercalating reactions that were not part of the initial set. Several reasons could be invoked to justify such an intercalation. Firstly, some genes could be involved in the metabolic pathway without being regulated at the transcriptional level. Secondly, microarray technologies are still limited in reproducibility and some regulations might have escaped detection. A third possibility would be that the gene is present on the chip and its expression level has been measured correctly, but this gene has not been annotated as an enzyme yet. Indeed, for newly sequenced genomes, gene function is usually predicted by sequence similarities, and many genes remain unannotated. In such a case, the best candidates to ensure the missing enzymatic catalysis are the genes that belong to the initial cluster itself, but have no assigned function yet.
Comparison of Extracted Pathways with Known Pathways
Once the subgraph has been extracted, the putative pathway can be compared to the set of known metabolic pathways stored in some metabolic pathway database (7, 19, 20) .
In some cases the pathway extracted from the gene cluster will correspond to some previously characterized pathway. For such cases, a simple matching of the set of reactions against a database of metabolic pathways would have provided the same answer. In other cases, one might observe only a partial match with a known pathways. The subgraph extraction could thus reveal an alternative to the pathway followed in the model organism. The method could thus be applied to study the metabolism of newly sequenced organisms, whose metabolism has been poorly characterized.
Finally, in some cases, one should be able to extract completely novel pathways. The co-regulation of the enzyme-coding genes would provide a good support to indicate that this pathway is biologically relevant. An interesting field of application could be to discover metabolic pathways involved in largely unexplored processes, such as resistance to toxic compounds or extreme conditions. Another application is to detect metabolic pathways that would be affected by new drugs.
Application of Pathway Analysis to the Study Case
We applied the above procedure to the 20 genes belonging to the MET cluster defined by Spellman and co-workers. Seven of these genes code for enzymes, which can catalyze 8 distinct reactions. Subgraph extraction and maximal path enumeration resulted in a linear pathway including 6 of the initial reactions. In this case, the linear path could be obtained without intercalating any reaction that was not part of the initial set. The pathway shows partial matches with two distinct metabolic pathways: the 4 initial steps match the sulfur assimilation pathway, and perform a progressive reduction of sulfate into sulfide. The two last steps match the methionine biosynthesis pathway, and correspond to the incorporation of sulfur into homocysteine, and the transformation of the latter into methionine. 
Conclusions
In the context of genomic approaches, coding sequence analysis is often insufficient to systematically assign a function to each gene. The function depends not only on the structure of the encoded protein, but also on the context in which this protein exerts its activity. Functional predictions thus requires the integration of different levels of information.
The possibility to measure the transcriptional response at a genome scale offers exciting perspectives for the discovery of gene function, taking into account the ways genes are associated in functional clusters. By combining regulatory sequence analysis and metabolic pathway analysis, one could obtain two independent and complementary sources of information for these clusters of co-regulated genes. The same methods also apply to clusters of genes obtained from different functional genomics approaches, such as phylogenetic profiles (21) and gene fusion/fission analysis (22) (23) (24) .
Availability
Regulatory Sequence Analysis tools are available on the web (25) at the URL http://ucmb.ulb.ac.be/bioinformatics/rsa-tools/. The home page for the EBI project of database on Protein Function and Biochemical Pathways is at http://www.ebi.ac.uk/research/amaze/. A prototype version of the patwhay analysis tools can be accessed from this site. The visualization tools are available at http://www.soi.city.ac.uk/~msch/.
